Abstract. We present a novel approach that exploits shape context to recognize emotion from monocular dance image sequences. The method makes use of contour information as well as region-based shape information. The procedure of the method is as follows. First, we compute binary silhouette images and its bounding box from dance images. Next, we extract the quantitative features that represent the quality of the motion of a dance. Then, we find meaningful lowdimensional structures, removing redundant information but retaining essential information possessing high discrimination power, of the features using SVD (Singular Value Decomposition). Finally, we classify the low-dimensional features into predefined emotional categories using TDMLP (Time Delayed MultiLayer Perceptron). Experimental results demonstrate the validity of the proposed method.
Introduction
For the last couple of years many researchers have focused on recognizing human emotion to achieve a more efficient and natural human-computer interface. The emotion recognition methods that extract emotional information from speeches or facial expressions have been extensively investigated [12] [13] [14] [15] . However, gesture-based methods have been less explored except for a method that uses physiological signals [16] . This may be due to the fact that gestures are much too high dimensional, dynamic and ambiguous to analyze and recognize exactly.
Among some interesting exceptions are the following. To analyze the dynamically changing human motion, Kojima et al. defined "rhythm points" that means the time of the start and the end of a motion, so that the whole motion could be represented as the collection of partial motions (a unit of motion) with a period [10] . Wilson et al. also tried to identify temporal aspects of gesture [11] . They proposed a method that detects candidate rest states and gesture phases from gestures spontaneously generated by a person telling a story. Kojima's and Wilson's method are appropriate for analyzing a simple or well-regulated motion such as small baton-like movement. In general, however, human motions (especially in case of dance in this paper) are not so simple so we cannot easily determine the start/end of a unit of motion or rest state. Thus, their promising methods do not seem to be applicable to general human motions. In addition, these methods only aims at analyzing human motion but does not pay attention to emotions.
Recently, some methods that can recognize human emotion from modern dance image sequence have been introduced [3] [4] [5] [6] . Dance is the most universal way of expressing human emotion. To represent the high-dimensional and dynamic change of gestures, these methods simplified the dynamic dance to the movement of rectangle surrounding human body and exploited several features related to the motion of rectangle using Laban's effort theory [9] . Then they analyzed the features and tried to find the relationship between the features and human emotion. They showed satisfactory results in most cases. However, they were confronted with difficulties in some cases. For example, when the bounding box associated with a human motion is the same as that associated with another one, they cannot discriminate the differences between the two human motions.
To resolve the problem mentioned above, this paper presents a method of exploiting new shape information for representing human motion. Note that the previous methods focus on only region-based shape information -the features such as bounding box or centroid etc. belong to the region-based shape information -but we additionally use the contour-based shape information, i.e. the number of dominant points on the boundary of human body. Thus our method can discriminate the subtle difference between the shape of human motion that have the same bounding box information.
The number of the computed dominant points can explain how complex or starlike human motion is and thus be regarded as a contour-based shape descriptor [1] . It cannot explain the details of the shape context of human motion. However, it may suffice to utilize rough contour information because we do not aim to answer the question to "what is the gesture he/she has just made?" but to catch the overall mood i.e. emotion.
The structure of this paper is as follows: In Section 2, we briefly describe the overview of emotion recognition system. The contour approximation algorithm used in our method is presented in Section 3. We then demonstrate the result of a variety of experiments in Section 4. We conclude in Section 5.
Overview of the Emotion Recognition System
It is not easy to directly extract high-level (and qualitative) information like emotion from low-level (and quantitative) data like human motion. Recently, however, efforts to extract human emotion from dance have been made. Many researchers thought that it would be easier to recognize emotion from dance than from ordinary human motions because dance is what fully expresses human emotion. Some introduced Laban's movement theory [9] to represent emotional dance quantitatively. Suzuki et al. [3] and Camurri et al. [6] presented a methodology for mapping dance into emotional categories that represent human emotion based on the Laban's theory for the first time. Suzuki et al. and Camurri et al. had shown the possibility of directly recognizing human emotion from dance image sequences. Woo et al. proposed a method that nonlinearly maps dance into emotional categories and emphasized the importance of flow 1 by introducing the Time Delayed Multi-Layer Perceptron (TDMLP) [4] . Recently, we extended the work of Woo et al. and proposed a statistical approach that recognizes the human emotion faster and more accurately [5] . 2 . Object segmentation. This shows the result of applying the background subtraction and the shadow elimination to an image. Refer to [7] for more details. f(x n ) = x n -x n-1 , g(x n )=x n -2*x n-1 +x n-2 Figure 1 shows the overview of our previous system [5] . First, the background and shadow in dance images are eliminated using the difference keying and normalized difference keying technique separately and then binary silhouette images and their bounding box are computed ( Figure 2) . Next, the features representing the quality of the motion of a dance are extracted (Table 1) . These features are related to the factors i.e. space, time, weight, flow that Laban adopted to find out effort 2 from human motion. That is, Laban thought that they could quantitatively represent something (it may be emotion here) included in human motion. Next, Singular Value Decomposition (SVD) is applied to the extracted features and then the low-dimensional features associated with large eigen-value are selected. This has an effect of discriminating noisy information from the reliable features. Finally, the low-dimensional features are classified into predefined emotional space using TDMLP.
Emotion Recognition Using Contour Approximation
While the features (Table 1 ) used in our previous system could be easily computed in real-time and showed a good performance, there was difficulty in discriminating between similar but contextually different human motions as shown in Figure 3 . Therefore, we need to find new features to resolve this problem. In this paper, we compute the dominant points on the boundary of the silhouette area to represent human motion more exactly. To do this, we introduce the number of the dominant points as a new feature. We use the Teh-Chin's algorithm [2] to detect the dominant points because it has shown reliable results even if the object is dynamically scaled or changed. The TehChin algorithm is as follows: A measure of significance, e.g. curvature must be determined over some region of support. However, there is rarely a sound basis for choosing region of support. The chord length and the perpendicular distance can provide a basis for choosing the appropriate region of support. And the measure of significance of each point is determined by using the neighboring points within the extent of the region of support. The measure of significance and the region of support of each point are then used to guide the selection of points to be removed. The points remaining after the removal process are the dominant points. Now we can figure out that the dominant points are those points that have a significant change of curvature. This means that an object that has many dominant points is star-like; on the other hand, an object that has few dominant points is circular. The number of dominant points represents the shape complexity of an object. Fig.  4 shows this relationship. The shape of an object has something to do with space in Laban's theory. To exactly discriminate the similar but contextually different human motions, we must be able to describe the shape of the motions in detail. To do so, we will have to use the coordinates of respective dominant points. As mentioned earlier, however, we only need to use the number of dominant points because our aim is to catch the overall mood included in the motion of a dance. As shown in Fig. 5 , the difference between similar but contextually different human motions can be detected easily even if we only use the number of dominant points. Notice that we could not discriminate the difference between similar but contextually different human motions using the bounding box information in Fig. 3 .
Experiments and Results
To obtain experimental sequences, we captured the dance motion from 4 professional dancers using a video camera (Cannon MV1). The dancers freely performed the various movements of a dance related to pre-defined emotional categories (happy, surprise, angry, sad) within a given period of time. Fig. 6 shows the examples of dance images. We eliminated the background and shadow of each frame in sequence and extracted binary images using the method previously explained. As shown in Table 2 , we extracted 21 (7+7+7) features (of which we used in our previous method [5] , we made S s and S r into one, i.e. ratio between them, and added N d as a new one) representing dancing motion and applied SVD to them. We calculated the contribution coefficients (see Appendix) for 12 eigen-vectors having large eigen-values and extracted 12 features weighted with the contribution measure of every frame. Finally, we buffered 24 weighted features with one delay and exploited them as the input of the TDMLP. Then the TDMLP learned to map the weighted features to predefined emotional categories (happy, surprise, angry, sad) and was tested (= used) to recognize the emotion that an arbitrary dance image sequences represents. The TDMLP consists of 24 input nodes, 96 hidden nodes, and 4 output nodes. For more details about the experimental environments, refer to [5] . . ) The acceleration of each feature g( . ) f(x n ) = x n -x n-1 , g(x n )=x n -2*x n-1 +x n-2 Table 3 and 4 shows the cross-recognition rate of four emotions to the dance image sequences inside and outside the training sequence respectively. In Table 3 , we trained with sequences from all four dancers and tested with sequences again from all dancers. In Table 4 , we tried to train with three dancers and test with the 4 th dancer. The proposed method shows improved performance (higher and balanced recognition rate) than our previous system both inside and outside the training sequence. It is clear that this improvement results from using the new contour-based shape information, i.e. N d because we used the same features excepted for this information in our previous method. Significantly, the proposed system can discriminate between some differences (e.g. the difference between happy and surprise in Table 3 ) that the previous method could not.
Conclusion
We have presented a new approach for recognizing human emotion from dance image sequence. A key characteristic of our approach is the use of contour-based shape information together with region-based shape information. Thus our method could recognize the difference between similar but contextually different human motions that have the same bounding box information. Consequently, our method noticeably improved the performance of emotion recognition compared with the previous ones that only use the region-based shape information.
It was confirmed that recognizing human emotion using not physical entities but approximated features based on Laban's theory is feasible and shows acceptable performance (above 70% recognition rate in outside the training sequence). 
